Bursts are produced by closing the oral tract at a place of articulation and suddenly releasing the acoustic energy built-up behind the closure in the tract. The release of energy is an impulselike behavior, and it is followed by a short duration of frication. The burst release is short and mostly weak in nature (compared to sonorant sounds), thus making it difficult to detect its presence in continuous speech. This paper attempts to identify burst onsets based on parameters derived from single frequency filtering (SFF) analysis of speech signals. The SFF envelope and phase information give good spectral and temporal resolutions of certain features of the signal. Signal reconstructed from the SFF phase information is shown to be useful in locating burst onsets. Entropy and spectral distance parameters from the SFF spectral envelopes are used to refine the burst onset candidate set. The identified burst onset locations are compared with manual annotations in the TIMIT database.
Introduction
Detection of burst onsets is an important problem in speech processing. Burst onset detection improves performance of automatic speech recognition (ASR) systems [1] [2] [3] [4] [5] , and aids in improving speech intelligibility [6] . Identification of burst onsets can also be used to refine the manner hypotheses of phone recognizer [7] . Furthermore, information on burst onsets aids in the determination of place of articulation of stop sounds [8] and in the computation of the voice onset time (VOT) [9] .
Burst onset is a short duration phenomenon occurring in speech signals. A burst onset landmark is characterized by a closure inside the vocal tract, followed by a sudden release of the acoustic pressure built up during the closure duration [10] . The abrupt release of the acoustic pressure at the burst onset gives rise to a stream of broadband energy in the speech signal. A burst onset is therefore always followed by a small duration of frication and/or aspiration.
The characteristics of burst onsets vary depending on several factors such as phonation state, participating articulators, and place of articulation. Depending on these factors, a burst onset may be strong or weak. For example, in the case of voiced burst release, the pressure build up during the closure duration is low due to the presence of glottal activity. Consequently, the burst onset following may not be prominent. In either case, burst onset has significantly lower signal energy in a speech utterance compared to sonorant sounds. Burst onsets are also influenced by contexts. Burst onsets occuring at syllable endings may not have prominent energies [11] . The energy distribution across the burst regions exhibits behavior similar to noise, and hence detecting burst onsets in low signal to noise ratio (SNR) regions is a challenging problem.
Several methods exploit spectral and temporal characteristics for burst onset detection and burst characterization in terms of place of articulation. A temporal measure called Rate of Rise (RoR) extracted across different frequency bands along with a rule-based algorithm to identify burst onsets was proposed in [2] . Degree of abruptness, i.e., energy difference between two appropriately located frames is used as an acoustic measure in [3] . Support Vector Machine (SVM) with a three dimensional vector input was shown to perform better in detecting stops than Hidden Markov Model (HMM) based systems [12] . The three dimensional vector consists of parameters such as total energy of the signal, band energy above 3 kHz, and a measure of spectral flatness based on Wiener entropy. A method using Recurrent Neural Networks (RNNs) to detect burst onsets with standard frame-based spectral features was proposed in [4] . A set of spectral and temporal features like energy ratios and zero crossings were proposed for burst onset detection in [5] . Another method utilizes parameters extracted from the log magnitude spectrum, voicing onset offset and spectral flatness information to detect stop landmarks [13] . Parameters based on the rate of change of spectral moments along with spectral energy parameters are used for improving the performance of burst onset detection in [14] . A recent method [15] introduced a temporal measure called plosion index for the identification of burst onset in continuous speech.
Most of the methods for burst detection use spectral characteristics in different frequency bands, such as the spectral energy, or features relating to spectral shape such as spectral flatness. Other methods exploit the temporal behavior of burst onsets such as the sudden rise of energy after the period of closure. All these methods use discrete Fourier transform (DFT) based spectral representation, which employ block processing to estimate the characteristics in frequency domain. The block processing method assumes stationarity of the signal over the duration of analysis. Such an assumption may mask the transient nature of the burst. Further, it may lead to deviation of detected burst onset locations from the actual ones in the speech signal. This study focusses on locating burst onsets in continuous speech.
This study identifies burst onset locations, based on a recently proposed speech signal analysis method, called single frequency filtering (SFF) [16] . The SFF method provides temporal envelope of the speech signal at any desired frequency. The SFF method also gives instantaneous spectra. The present study uses the envelope and phase information of the SFF to determine the location of burst onsets. The signal reconstructed from phase information helps in emphasizing the burst onsets.
The paper is organised as follows. Section 2 discusses the significance of the features extracted using SFF method. Section 3 describes the experimental details and results. Section 4 gives a summary and conclusion of this study.
2. SFF parameters for the study of burst onsets 2.1. SFF envelope and phase reconstructed signal
The objective in SFF is to derive the amplitude envelope of the signal as a function of time at a desired frequency. The SFF analysis is performed using a resonator at fs/2 (fs = sampling frequency) for each frequency component, after frequency shifting the signal. This ensures that the filter characteristics remains same for every frequency component. Since the SFF is performed using a resonator at fs/2, whose pole is located close to the unit circle, the effect of other frequency components are reduced significantly. Following are the steps involved in obtaining the amplitude envelope and phase information of the signal at the k th desired frequency component (f k Hz) [16] :
• The speech signal s[n] is frequency shifted byf k , wherē
The resulting frequency shifted version of the signal is given by
for n = 1, 2, ..., N , and k = 1, 2, ..., K, where N is the total number of samples in the signal, and K is the total number of frequency components. If the filters are placed at every 1 Hz spacing, the value of K is fs/2 in Hz.
• The signal x k [n] is passed through a single pole filter whose transfer function is given by H(z) = 1 1+rz −1 . The pole of this filter is near to the unit circle (r ≈ 1) on negative real axis in the z-plane.
• The output of the filter is given by
It is to be noted that y k [n] is a complex number with real part y kr [n] and imaginary part y ki [n].
• The envelope of the signal y k [n] is given by
where e k [n] is the SFF envelope at the k th frequency.
• The phase of the signal y k [n] is given by
To ensure the stability of the filter, the value of r is made less than 1. The envelopes of the signal are obtained for different frequencies. For the purpose of analysis of burst onsets, we chose the frequencies at 10 Hz intervals, using r = 0.995.
In order to obtain phase reconstructed signal, the envelope values e k [n] are set to one and SFF phase is used to reconstruct the speech signal. SFF phase reconstructed signalx[n] highlights burst characteristics. Fig. 1(a) shows a speech signal s[n] and the signal reconstructed using the phase informationx[n] is shown in Fig. 1(b) respectively. The burst onsets occur at 250, 330 and 540 ms, in the figure, among which the segment occurring at 540 ms is a weak burst. The reconstructed signalx[n] highlights the burst behaviour of these regions as high amplitude transient behavior. Fig. 1(c) shows the reconstructed signal x[n] in the unvoiced regions. An advantage of SFF phase is it's ability to reconstruct the bursts irrespective of their strength.
Spectral parameters from SFF envelope
The signalx[n] can be used to highlight the discontinuities in speech. The discontinuities show up as high energy impulselike behavior when reconstructed using the phase information alone. The spectral distance and entropy parameters derived from the envelopes e k [n] are further utilized to highlight the magnitude of spectral change around the regions of discontinuities in the signal. A burst onset location exhibits a significant increase in the spectral distance and also in spectral entropy. Fig. 2 shows the speech signal corresponding to the utterance 'aptitude' along with the temporal and spectral evidences obtained using the SFF method. Fig. 2(a) shows the speech signal along with the phone label in the utterance. The locations of the burst onsets corresponding to /t/, /b/ and /d/ can be demarcated in the signal at 250, 330 and 540 ms, respectively. Fig.  2(b) shows the signal reconstructed for the unvoiced region with a unit magnitude and the phase information φ k [n]. A significant impulse-like behavior around the burst onset can be noted in the signal. There are, however, other impulses in the reconstructed signal. Fig. 2(c) shows the gradient of squared Euclidean distance between successive SFF spectra. The squared Euclidean distance (dE[n]) is given by
where e k [n] and e k [n-1] are the SFF envelopes computed at the sampling instants n and n-1, respectively. A significant rise in the spectral distance can be seen in the figure around the burst onsets. Fig. 2(d where K are the number of frequency bins. The sudden rise in the eW [n] contour is captured in the differenced signal, for regions around the burst onsets. We use these envelope-based parameters as evidences to locate the burst onset with accuracy.
Study of burst onsets in TIMIT 3.1. Experimental details and proposed locations of burst onsets
The burst onset candidate set is identified around the instants of discontinuity in the signalx[n]. The spectral parameters obtained from SFF envelopes help in providing multiple evidences for refining the candidate set for the proposed burst onset locations. The behavior of these parameters are studied on clean speech as well as speech degraded with white noise at different SNRs. The proposed burst onsets are compared with the manually annotated burst onsets for the deviation between these locations, in TIMIT dataset [17] . A subset of TIMIT dataset consisting a total of 1000 utterances is considered in this study. The present study examines the burst sounds {/p/, /k/, /t/, /d/, /b/ and /g/}. The manual annotations demarcate the burst onset after the closure region. The present analysis uses the burst region along with closure region, denoted as R b , to identify the burst onset location in the signal. A value of r = 0.995 is chosen for the SFF analysis, and thex[n] signal is reconstructed from φ[n]. The impulse-like discontinuities are identified iñ x[n] within R b corresponding to each annotated burst location, which constitute the candidate set. The release of acoustic energy may happen in more than one burst leading to a possibility of multiple candidates [15] . These bursts locations inx[n], identified in the region R b , constitute the candidate set PS = {p1, p2, . . . p k }. To refine the burst onset candidate set, we further utilize the parameters dE[n] and eW [n] computed from the SFF envelopes. The behavior of these parameters are examined in a region of 1 ms around each candidate peak in PS. The peak location inx[n] with maximum cumulative change in the dE[n] and eW [n] parameters is chosen as the burst onset location.
Analysis on clean and noisy speech
The study uses the TIMIT annotations to demarcate the region R b corresponding to each burst onset. In certain cases, the annotated burst onset location might not correspond to the loca- tion of discontinuity in the signal. We utilize the proposed parameters to highlight the location of significant discontinuity in the signal hypothesized as the correct burst onset locations, in the TIMIT dataset. Fig. 2 shows the behavior of the parameters dE[n] and eW [n] in the region R b for different bursts occurring in the utterance 'aptitude'. We compare the annotated burst onset locations with the burst onset locations identified using proposed parameters. Fig. 3 shows histograms of the deviations obtained for different bursts. Figs. 3(a-g ) present the population density vs. deviation (in ms) for the annotated burst onset locations vs. those obtained using proposed parameters. Fig. 3(a) shows population density for all the burst onsets. The histogram is skewed towards the right with a sharp peak in the 0-5 ms range, which covers almost 50% of the population. This suggests a small deviation in the manual annotation vs. discontinuities appearing in the signal. There is also a spread (almost 40% of the population) appearing uniformly across larger values of deviation. Figs. 3(b-g ) present the histograms for unvoiced bursts /p/, /t/, /k/ and voiced bursts /b/, /d/, /g/ respectively. As seen in the figures, the voiced bursts exhibit more deviation than their unvoiced counterparts. This behavior can be attributed to the fact that voicing tends to a lower the amount of pressure build-up during the closure than their unvoiced counterparts. This results in relatively stronger burst release in voiceless cases which manifests as a stronger impulse in the signal [15] . Thus the voiceless bursts have lower percentage of deviation in the manual demarcations and the signal discontinuity (Figs. 3(b-d) ), as these can easily be located. A larger population of voiced burst, on the other hand, exhibits a larger value deviation for a significant amount of bursts. With respect to the place of articulation of bursts, velar stops /k/ and /g/ (Figs. 3(d) and 3(g) ) show a higher population with less deviations for both unvoiced and voiced cases, respectively. This behavior can be attributed to a smaller area of contact at the place of articulation for velar stops resulting in a sharp release of the acoustic pressure [10, ch. 7] . Alveolar stops /t/ and /d/ (Figs. 3(c) and 3(f) ) on the other hand have relatively more area of contact at the place of articulation [10, ch. 7] . This behavior results in a higher population of these bursts with more deviation. Among the velar bursts, the voiced burst /d/ exhibits larger deviation than voiceless counterpart /t/.
The bilabial bursts /p/ and /b/ (Figs. 3(b) and 3(e)) show distinct behavior with change in phonation state. The voiceless burst /p/ exhibits a larger population with lesser deviation. However, in the voiced case, due to the lesser pressure build up and a weak release, a larger population exhibits higher values of deviation [15] . Hence it becomes difficult to identify /b/ onset location.
The proposed method of locating the burst onsets is also evaluated for degraded speech signals. Fig. 4 shows the results for the population density vs. deviation for speech added with white noise, at different SNRs. A comparison between results obtained for clean speech (Fig. 3(a) ) and at SNR levels 40 dB and 30 dB (Figs. 4(a) and 4(b)) shows the performance of the method based on proposed parameters is robust to white noise up to 30 dB SNR. For SNRs lower than 20 dB, the performance drops significantly as the resolution of the impulses at the discontinuities inx[n] degrades. This can also be observed from Table 1 , which shows the burst onsets (in %) for different stop sounds, identified within a deviation of less than 10 ms, for cases of clean speech and speech corrupted with white noise across different SNRs. We can also observe that there is a large reduction in the population density of burst locations from 30 dB to 20 dB SNR.
Summary and conclusion
In this study, burst onsets corresponding to different stop consonants (/p/, /t/, /k/, /b/, /d/ and /g/) are analyzed. The SFF method is used to extract the features from the signal, which helps in highlighting the discontinuities in the signal. A set of burst candidates are extracted within a closed region, using phase information based reconstructed signal, and parameters based on gradients in Euclidean distance and Wiener entropy from the instantaneous spectra. Burst onset locations determined from the proposed parameters are compared with their manually annotated locations. Study highlights a close correspondence between the two factors for a significant number of examples from TIMIT dataset. The analysis highlights the importance of factors such as voicing and the area of contact influencing the demarcation of burst onset in speech. Among all the burst, the study suggests that the location of velar voiceless bursts are demarcated with the highest accuracy.
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